Quantitative measurements of carotid plaque burden progression or regression are important in monitoring patients and in evaluation of new treatment options. 3D ultrasound ͑US͒ has been used to monitor the progression or regression of carotid artery plaques. This paper reports on the development and application of a method used to analyze changes in carotid plaque morphology from 3D US. The technique used is evaluated using manual segmentations of the arterial wall and lumen from 3D US images acquired in two imaging sessions. To reduce the effect of segmentation variability, segmentation was performed five times each for the wall and lumen. The mean wall and lumen surfaces, computed from this set of five segmentations, were matched on a point-by-point basis, and the distance between each pair of corresponding points served as an estimate of the combined thickness of the plaque, intima, and media ͑vessel-wall-plus-plaque thickness or VWT͒. The VWT maps associated with the first and the second US images were compared and the differences of VWT were obtained at each vertex. The 3D VWT and VWT-Change maps may provide important information for evaluating the location of plaque progression in relation to the localized disturbances of flow pattern, such as oscillatory shear, and regression in response to medical treatments.
I. INTRODUCTION
Stroke is the most common serious neurological problem in the world and the third leading cause of death among North American adults. 1 Direct and indirect costs of stroke are estimated to be $2.8 billion/year in the United States. 1 Clearly, stroke represents a staggering mortality, morbidity, and economic cost. Better ways to identify patients with increased risk for stroke, and better methods to treat and monitor them will have an enormous impact.
About 85% of strokes are ischemic, with most due to the blockage of a cerebral artery by a thrombotic embolus. Atherosclerosis at the carotid bifurcation is a major source of emboli, of either platelet aggregates ͑white thrombus͒ or atheromatous debris. 2, 3 Most strokes associated with carotid atherosclerotic disease can be prevented by lifestyle/dietary changes, medical, and surgical treatment. 4, 5 Improved identification of patients who are at risk for stroke, new strategies for treating atherosclerosis, and sensitive techniques for monitoring of carotid plaque response to therapy, will have a great impact on the management of these patients, and decrease the risk of stroke.
There is now agreement that for event-free survival, the important question is not simply related to the presence of disease or the degree of stenosis, but rather related to indolent slow progression and then sudden plaque complications leading to plaque rupture and consequent life-or brainthreatening thrombosis. Identification of factors responsible for the transformation of stable to ruptured plaques, and therapies that convert vulnerable to stable plaques has stimulated much research. [6] [7] [8] [9] The value of magnetic resonance imaging ͑MRI͒ in studies of carotid atherosclerosis is unquestioned. [10] [11] [12] MRI has been shown to be useful in measuring vessel wall area/volume, [13] [14] [15] assessing the state of the fibrous cap, [16] [17] [18] determining and classifying plaque composition, [19] [20] [21] and detecting plaque inflammation. 12, 22, 23 However, at present, MRI is costly and its scan time is long. [24] [25] [26] Thus, its use is primarily limited to symptomatic patients and for use in smallscale trials that require the use of imaging as the primary plaque monitoring modality in patients at risk for stroke, and who are being treated with plaque stabilization strategies. In addition, long scanning times increase the risk of image degradation due to subject motion.
Doppler ultrasound ͑US͒ as a screening tool and its use in the assessment of stenosis severity is now unquestioned; 28 however, flow-velocity-based measurements of a single component at a few locations in the vessel provide indirect information on stenosis severity and no information on plaque morphology. Thus, it has a limited role in assessment of features of the arterial wall such as plaque vulnerability, changes, and composition.
The recent development of 3D US imaging techniques has allowed detailed examination of the 3D anatomical structure of the carotid artery, [29] [30] [31] [32] and accurate measurements and quantification of carotid plaque. These measurements may aid in managing and monitoring patients, 33 and in evaluating the effect of new treatment options. 34 Different ultrasound phenotypes of carotid atherosclerosis have been assessed, such as carotid stenosis severity, 35 intima-media thickness ͑IMT͒, 36 plaque composition, 37 plaque area, 33 volume, 34, [38] [39] [40] and plaque ulceration morphology and motion. 41, 42 Although these metrics assist in the management of carotid atherosclerosis, they are single-valued measurements that do not provide sufficient information on the spatial distribution of plaques changes and burden in the carotid arteries. Information regarding the spatial distribution of carotid plaque changes could improve our understanding of plaque progression and regression in response to therapy.
The spatial distribution of arterial narrowing ͑stenosis͒ was studied by Barratt et al. 38 and Yao et al. 40 using 3D US imaging. Both researchers quantified the degree of stenosis by determining the ratio between the diameter ͑or area͒ of the lumen and the wall on each cross-sectional slice of the vessel. Yuan et al. 13 and Luo et al. 43 studied carotid plaque burden and luminal narrowing using high-resolution MRI by segmenting the vessel wall and lumen in MR images, which were acquired in serial cross sections. They presented their results using several parameters that summarized the vessel wall and lumen measurements for each patient: ͑1͒ maximum wall area, ͑2͒ location of the maximum wall area along the longitudinal axis of the carotid artery, ͑3͒ wall area in the common carotid artery ͑CCA͒ 3 mm proximal to the carotid bifurcation, ͑4͒ minimum lumen area, and ͑5͒ vessel wall volume. Although these five descriptive parameters are informative, they provided limited information regarding the spatial distribution of carotid plaque burden. The vessel wall and lumen measurements were obtained on a slice-by-slice basis in these investigations, but with the exception of the work by Barratt et al., 38 these authors did not provide a slice-by-slice carotid plaque burden profile along the longitudinal direction of the vessel. The slice-by-slice stenosis profile provided by Barratt et al. 38 is useful in describing the distribution of plaque along the vessel; however, their stenosis profile only provided a single-valued description ͑percentage stenosis index͒ for each slice. Although this profile indicated the exact slices in which plaque burden was located, it gave no information as to where the plaque burden was located within a slice.
The major contribution of this paper is the introduction of a point-by-point vessel-wall-plus-plaque thickness ͑VWT͒ quantification technique, as well as a point-by-point VWT change quantification technique. A 3D map of the VWTChange may provide important information to evaluate the location of plaque progression in relation to the geometry of the vessel and localized disturbances of flow pattern, such as oscillatory shear. Although the VWT is helpful in assessing the severity of the atherosclerotic lesion, the quantification of plaque burden progression or regression is more important in monitoring patients and in developing treatment strategies. Thus, in addition to evaluating the VWT at a single time point, we also developed a technique to compute the VWTChange in the carotid artery between two imaging sessions. We report the VWT and VWT-Change measurements, obtained on a point-by-point basis, by mapping their respective values on the carotid vessel wall surface in order to show the localized nature of plaque thickness and plaque progression and regression.
Our quantification algorithm consists of several steps, which are shown in Fig. 1 as a schematic diagram. We applied our algorithm to the carotid artery phantom models 44 and the carotid arteries of six subjects to demonstrate the application of VWT and VWT-Change maps as new phenotypes to quantify progression/regression of carotid atherosclerosis.
II. METHODS

II.A. Segmentation method
Segmentation of the carotid artery can be done either manually or semiautomatically. 45 Since semiautomated carotid segmentation approaches using 3D US images have not yet been extensively validated, we tested our plaque quantification algorithm using the manual segmentations performed by a trained observer ͑ME͒. It has been well established that the double-line pattern corresponds to the lumenintima ͑i.e., the lumen boundary͒ and media-adventitia interfaces ͑i.e., the wall boundary͒ in the longitudinal view of B-mode ultrasound images, which is the view typically used for the measurement of IMT. 46 Comparisons of ultrasound to histological measurements of the intima plus media layers have been shown to correspond. [47] [48] [49] [50] In the longitudinal view of B-mode ultrasound images, the lumen is echolucent with the adjacent echogenic boundary representing the lumen-intima boundary, and the second echogenic boundary representing the media-adventitia boundary. Using 3D US, it is possible to view images as shown in Fig. 2͑a͒ in both the longitudinal and transverse view in order to identify the correspondence between the longitudinal media-adventitia boundary, as well as in the transverse view ͓Fig. 2͑b͔͒.
Although the manual segmentation method used in obtaining the wall and lumen measurements may make a larger clinical trial laborious, until a semiautomated technique is validated and generally accepted, manual techniques must still be used, and, in fact, are being used in our clinical trials. 34, 51 In any case, validation of new segmentation algorithm will require manual segmentation results. However, it is important to point out that our proposed quantification method is equally applicable to boundaries segmented by semiautomatic or fully automatic segmentation algorithms, and the purpose of applying our algorithm on manually segmented boundaries is mainly to demonstrate the application of the proposed quantification algorithm.
Since the expert observer segmented the carotid arteries on a slice-by-slice basis, the segmentation results may exhibit an accordion-like shape ͑i.e., adjacent contours shrink and expand͒ because of segmentation variability ͓see Figs. 3͑b͒ and 3͑e͔͒. In order to avoid this problem, the trained observer segmented the vessel wall and lumen in each 3D US image five times to provide information on the segmentation variability and allow statistical testing of any observed change in VWT. In each segmentation session, the carotid bifurcation was located, and an axis was placed parallel to the longitudinal axis of the common carotid artery. The 3D US images were resliced at 1 mm intervals by transverse planes that were perpendicular to the longitudinal axis, and segmentation was performed on each 2D transverse image ͓Fig. 2͑b͔͒. 52 Since the orientation of the longitudinal axis selected in each segmentation session is slightly different, repeated vessel wall and lumen segmentations for a single 3D US image were performed in slightly different transverse planes ͓e.g., two of the five repeated vessel wall segmentations were drawn in white and black outlines in Fig. 4͑a͔͒ . For this reason, we needed to reconstruct the 3D surface meshes from 2D contours produced in the five segmentation sessions, and reslice the five surface meshes using the same 2D plane to produce five 2D contours before we were able to compute the mean and the standard deviation of the VWT ͓see Sec. II D͔.
II.B. Surface matching using symmetric correspondence
The matching of the arterial wall ͑media-adventitia interface͒ and the lumen ͑blood-intima interface͒ boundaries obtained at each of the time points is required before the VWT map could be constructed. In this work, we matched the wall and the lumen surfaces using a modified version of the symmetric correspondence algorithm developed by Papademetris et al. 53 The distance between each pair of correspondence points matched by the algorithm represents a local estimate of the VWT ͑i.e., the combined thickness of the plaque, intima, and media͒. Many surface ͑or curve in 2D͒ correspondence definitions have been proposed. Cohen et al. 54 minimized an objective function that integrated the difference between the curvatures of all corresponding pairs. Tagare 55 pointed out that the objective function defined by Cohen et al. 54 depended on the choice of the domain of integration, which was arbitrarily chosen ͑i.e., a correspondence map that minimizes the objective function computed over the domain of the first curve is not equal to that of the second curve͒. This asymmetric correspondence problem was addressed in Papademetris et al. 53 FIG . 3 . A demonstration of the proposed surface reconstruction method and the mean surface computation algorithm. ͑a͒ Segmentation of the arterial wall produced in one segmentation session, ͑b͒ the corresponding reconstructed surface, and ͑c͒ the mean surface of the arterial wall, computed from segmentation results produced in five sessions. ͑d͒ Segmentation of the arterial lumen produced in one segmentation session, ͑e͒ the corresponding triangulated surface, and ͑f͒ the mean surface of the arterial lumen.
and the authors proposed a symmetric correspondence algorithm. Although corresponding pairs found using Papademetris's algorithm are symmetric, one-to-one correspondence mapping between two curves is not guaranteed. In our paper, we propose a modification to Papademetris's algorithm so that the symmetric correspondence mapping is always one-to-one. A correspondence map between two curves can be described using a mapping, , that maps s 1 to s 2 , where s 1 is the arclength parameter of curve C 1 , and s 2 is that of a second curve C 2 . A one-to-one correspondence map must be either a monotonically increasing or decreasing function depending on the orientation of the arclength parametrization, as long as two curves are of the same topology ͑i.e., closed curves here͒. Without loss of generality, suppose that two curves are of the same orientation with respect to their arclength parametrization ͑one can always reparametrize one curve to make the orientation the same͒, then must be a monotonically increasing function. This condition is not guaranteed to be satisfied for the corresponding pairs determined using Papademetris's algorithm 53 as shown in Fig. 5 . The line segments in Fig. 5͑a͒ connect the symmetric corresponding pairs. The corresponding pair indicated by A ͓s 1 = 0.86, s 2 = ͑s 1 ͒ = 0.26͔ is associated with a much smaller s 2 compared to that of the previous corresponding pair with arclength parameters s 1 = 0.78 and s 2 = ͑s 1 ͒ = 0.74, indicating that is decreasing. To make sure the correspondence mapping is one-to-one, this is not allowed in our proposed modification, and the corresponding pair A is discarded. After obtaining all the allowable symmetric corresponding pairs, we paired the vertices without symmetric nearest neighbors by arclength interpolation, 53 resulting in the corresponding pairs joined by white lines shown in Fig. 5͑b͒ .
II.C. Reconstructing surfaces from manually segmented contours
To reconstruct the surface for the internal, external, and common carotid arteries ͑ICA, ECA, and CCA, respectively͒, the symmetric correspondence algorithm described in Sec. II B was used to pair the vertices on adjacent 2D contours. Since the number of vertices on a segmented contour was determined by the expert observer according to the shape of the boundary ͑i.e., more points were used to segment more complex shapes and fewer points to segment simpler ones͒, the number of vertices for adjacent segmented FIG. 4 . Demonstration that surface reconstruction is required before computing the mean surface. Two of the five repeated vessel wall segmentations were drawn in white and black outlines. Because repeated vessel wall segmentations for a single 3D ultrasound image are performed in slightly different transverse planes, the 3D surfaces from contours produced in five segmentation sessions first need to be reconstructed, and then the five surface meshes resliced using a common 2D plane, before the mean surface can be computed. contour would likely be different. Therefore, our surface reconstruction algorithm must allow the flexibility of connecting contours with different number of points. For this reason, we used the following scheme to pair vertices without a symmetric corresponding point, instead of using the arclength interpolation technique described in Sec. II B. This scheme ensures that no vertex selected by the expert observer during segmentation would be discarded as a result of the surface reconstruction procedure. This scheme of connecting unpaired vertices only applied to reconstructing surfaces, while in other sections in which the symmetric corresponding algorithm was used, the arclength interpolation scheme was applied.
II.C.1. Connecting vertices without symmetric corresponding points
Figure 6͑a͒ shows segments on two contours that are between two corresponding pairs ͑i.e., p 1,1 ↔ p 2,1 and p 1,5 ↔ p 2,3 ͒. There are three vertices on one contour segment and one vertex on the other segment that have no corresponding points. The segment that has more vertices that are without correspondence was chosen, and denoted as Segment 1. The other segment was denoted as Segment 2. The length of Segments 1 and 2 are first normalized to 1 ͓Fig. 6͑b͔͒. We define two mappings C 1 and C 2 that map Segments 1 and 2 from their normalized arclength to their 3D coordinates, i.e., C 1 :
The ith vertex of Segment 1, p 1,i , is assigned to be the corresponding point of the jth vertex of Segment 2, p 2,j , if the absolute difference of the normalized arclength between them is the minimum among all points p 2,k on Segment 2, i.e.,
where C 1 −1 and C 2 −1 are the inverse mapping of C 1 and C 2 , respectively, and N 2 is the total number of points on Segment 2 ͓e.g., N 2 = 3 in Fig. 6͑b͔͒ .
After all corresponding points have been established, the quadrilaterals between two corresponding pairs ͓e.g., p 1,1 -p 2,1 -p 2,2 -p 1,2 and p 1,3 -p 2,2 -p 2,3 -p 1, 4 in Fig. 6͑b͔͒ were triangulated to form a triangular mesh. Figure 6͑c͒ shows an example of a surface mesh that was reconstructed from two circles of unity radius. The bottom circle consists of 50 vertices and the top circle consists of 100 vertices.
II.C.2. Surface reconstruction at the carotid bifurcation
Near the bifurcation apex of the carotid artery, the ICA and ECA merge to the CCA, and since the symmetric correspondence algorithm was designed to pair corresponding points of one closed curve to another, it could not be used unless the CCA slice immediately proximal to the apex was divided into two closed curves. This was achieved by using the method depicted in Fig. 7 . First, the centroids of the ICA and ECA slices immediately distal to the apex ͑C ICA and C ECA ͒ were computed and joined together by a line, which intersects the ICA and ECA slices at I i and I e , respectively ͓see Figs. 7͑a͒ and 7͑c͔͒. The position of the bifurcation apex must be between the plane cutting the CCA slice and that cutting the ICA and ECA slice. In the proposed algorithm, it was chosen to be 0.1 mm below the midpoint of I e and I i ͓see Figs. 7͑c͒ and 7͑d͔͒. We computed the tangents of both the ICA slice at I i and the ECA slice at I e and, consequently, the average directions of the two tangents. A line pointing to the average direction and passing through the midpoint between I i and I e was defined and projected onto the plane containing the CCA slice. This projected line intersects the CCA slice at two points, which, together with the bifurcation apex, were interpolated by a Cardinal spline to produce an arch. The number of vertices representing this arch was determined in a way such that the interval between vertices is approximately the same as that of the CCA slice. The CCA slice was then divided into two closed curves, C 1 and C 2 as shown in Figs. 7͑b͒ and 7͑d͒, by this arch. Then, C 1 was paired with ECA, and C 2 with ICA, using our method described in Secs. II B and II C 1. Figure 3͑b͒ shows the tessellated surface constructed from the stack of 2D contours of the arterial wall shown in Fig.  3͑a͒ . Figure 3͑e͒ shows the surface constructed for the contour set representing the carotid lumen shown in Fig. 3͑d͒ .
II.D. Mean and standard deviation of VWT
After segmenting the vessel wall and lumen five times in each slice of the 3D image, we reconstructed the boundaries obtained at each session to form a surface according to Sec. II C, resulting in five surfaces representing the wall and five representing the lumen. The following steps were used to calculate the mean and standard deviation of VWT:
͑1͒ As mentioned in Sec. II A, the longitudinal axis of the vessel was chosen in each of the five segmentation sessions, and this axis defined the normal of the transverse cutting plane used for reslicing in each segmentation session. In defining the surface mean and standard deviation, we first defined a common transverse cutting plane used to reslice the five surfaces. The normal of this common transverse plane was computed by averaging the normals of the five manually identified longitudinal axes. The five segmented arterial wall and the five arterial lumen surfaces were resliced at 1 mm intervals using this common transverse plane, and it resulted in five 2D contours for the wall segmentations and five for the lumen ͓Fig. 8͑a͔͒. ͑2͒ The mean contours for the wall and lumen boundaries were calculated separately, but in the same manner described in the following: One of the five curves, denoted by C 1 , obtained in Step 1 was chosen. The symmetric correspondence mappings were established between C 1 and the remaining four curves. The choice of C 1 is quite arbitrary and this choice should not have a significant impact on the shape of the mean boundary and its standard deviation. However, a consistent choice should be defined in our algorithm. In making this choice, we observed that the boundaries of carotid vessel are smooth and approximately circular. Thus, we determine C 1 based on the circularity ratio ͑CR͒, computed by the equation 4A / P 2 , where A is the area enclosed by the curve ͑in square millimeters͒ and P is the perimeter of the curve ͑millimeters͒. A circle has the maximum CR, equalling to 1. Thus, we chose C 1 as the boundary that has the highest CR. After the symmetric correspondence algorithm has been applied, each point on C 1 is associated with its corresponding points on the remaining four curves. These groups of five corresponding points are denoted by ͕p i : i =1,2, ... ,5͖ ͓Fig. 8͑a͔͒. The averages of these five-point groups were connected to form the mean curve ͓see the red curve in Fig. 8͑a͔͒ . ͑3͒ After the mean curves for the wall and lumen had been obtained, the symmetric correspondence mapping was established between these two mean curves. ͑4͒ The mean VWT at a point on the arterial wall was defined to be the distance from this point to its corresponding point on the arterial lumen ͓see Fig. 8͑b͒ and an example in Figs. 13͑b͒ and 13͑d͒-discussed in Sec. IV͔. Each pair of corresponding points, denoted by p w and p l in Fig. 8͑b͒ , defined a line, which was used to intersect the five contours of the wall and lumen. The distances between each of the five intersections on the wall segmentations and p w , and those between each of the five intersections on the lumen segmentations and p l were obtained. The standard deviation of the first set of five distances was calculated and used to quantify the standard deviation of the wall segmentations, and that of the second set of five distances gave the standard deviation of the lumen segmentations.
Then, we reconstructed the mean wall and mean lumen surfaces from the mean contours obtained using the surface reconstruction method described in Sec. II C. Figures 3͑c͒  and 3͑f͒ show an example of the mean arterial wall and lumen surfaces, which are averaged from five segmentations from a single 3D US image, and are much smoother than the respective surfaces obtained in one segmentation session ͓Figs. 3͑b͒ and 3͑e͔͒. Figure 8͑b͒ shows an example of the five segmentations for the wall ͑in black͒ and five for the lumen ͑in grey͒. The mean boundaries of the wall and lumen were represented by the red curves. The inset of Fig. 8͑b͒ shows the intersections between the line connecting a corresponding pair, and the five wall and five lumen segmentations.
II.E. Computation of the VWT-Change map
In monitoring change in the carotid arteries, a patient's carotid vessel must be imaged at two 3D US scanning ͑a͒ and ͑c͒ Two different views at the same carotid artery bifurcation. In our algorithm, the CCA slice immediately proximal to the bifurcation apex is split into two closed curves ͓shown as C 1 and C 2 in ͑b͒ and ͑d͔͒, so that the correspondence mapping can be established between the ECA slice and C 1 , and between the ICA slice and C 2 . C ECA and C ICA are the centroids of the ECA and ICA slices and the line joining these two points intersect the ECA slice at I e and the ICA slice at I i ͓see ͑a͒ and ͑c͔͒.
sessions. 34 Analysis of changes in the vessel requires that the average carotid artery surfaces be appropriately registered. A modified version of the iterative closest point ͑ICP͒ algorithm by Besl et al. 56 was used for this purpose. Instead of aligning the centroids of the two surfaces as proposed in Besl et al., 56 we aligned the bifurcation apex of the carotid vessels, which was determined in Sec. II C ͑Fig. 7͒. We then used the ICP algorithm 56 to find the optimal rotation by iteratively matching points on the two surfaces to be registered and finding the least-square rigid body transformation. The iteration continued until the root-mean-square of the distances between the matched points on the two surfaces was below a preset threshold, which was set at 10 −4 mm. In Sec. II D, the VWT at each point of the carotid wall surface was computed. To obtain the VWT-Change map, points on the two carotid wall surfaces must be matched. We established correspondence between two points with the same angular position, , with respect to the centroid of the 2D slice. The ray-casting method 57 could be used to determine the angular position, , of each point in the 2D slice, in which a ray is cast from the centroid of the curve at the angle to intersect the 2D slice; however, the ray-casting method FIG. 8 . Method of computation for the mean and standard deviation of the vessel-wall-plus-plaque thickness ͑VWT͒. ͑a͒ How a mean contour was calculated from five segmented contours of the arterial wall ͑black curves͒. The red curve is the mean wall contour. The average of five corresponding points ͕p i : i =1,2, . . . ,5͖ on five segmented contours was computed, and all average points thus computed define the mean contour. ͑b͒ The black curves are the five segmentations of the arterial wall, and the grey curves are the five segmentations of he arterial lumen. The outer and inner red curves represent the mean arterial wall and lumen, respectively. A pair of corresponding points between these two curves defines a line. This line intersects the wall and lumen boundaries, and these intersections are used to calculate the standard deviation of the positions of the wall and lumen boundaries. The standard deviation of VWT was then computed based on these two standard deviations.
cannot space points uniformly on complex contours, as found when examining the carotid arterial wall near the bifurcation apex ͓see Fig. 9͑a͔͒ . Thus, we defined the angular position of each point on the boundary using the following procedure ͓Fig. 9͑b͔͒:
͑1͒ Find the centroid of the 2D slice of the artery wall surface, C͑z͒, where z represents the axial distance from the bifurcation apex ͑positive value of z represents location distal and negative value of z represents location proximal to the bifurcation͒.
͑2͒ Find the maximum distance between C͑z͒ and the boundary of the 2D slice and label it MaxRadius. ͑3͒ Define a circle centered at C͑z͒ and with MaxRadius as the radius. The circle is represented by points with constant angular interval between them. The angular position, , of each point, x, on the circle is defined by the angle between the line from C ECA to C ICA and that from x to C͑z͒ ͑see Fig. 9͒ . ͑4͒ Use the symmetric correspondence algorithm to match the circle defined in Step ͑3͒ and the 2D slice. The angular position, , of each point in the 2D cross section of the arterial wall is assigned to be that of its corresponding point on the circle.
The angular positions were computed for the carotid artery mean wall associated with the 3D US images acquired in the two scanning sessions. The points on the same 2D transverse slice of the two carotid vessel surfaces associated with the first and second 3D US images were matched according to the angular positions. For each pair of corresponding points, the VWT-Change was computed, color-coded, and superimposed on the arterial wall ͓see the examples in Figs. 14͑c͒ and 14͑g͒ and Figs. 15͑c͒ and 15͑g͒-discussed in Sec. IV͔.
II.F. t-test on VWT changes
We determined the statistical significance of the difference by the two-sample Student's t-test. Since we are performing multiple hypothesis tests, each for a single vertex on the VWT map, we need to compute ␣, the per-comparison error rate ͑i.e., probability of Type I error in a single test͒, that is required to keep the family-wise error rate ͑i.e., the probability of committing one or more Type I errors͒ to be less than ␣ :
where N is the total number of independent tests performed, which is equal the total number of points on the VWT map. Note that Bonferroni correction ͑␣ = ␣ / N͒ 59 is commonly used to approximate ␣. It takes into account only the first two terms in the MacLaurin Series of the term ͑1−␣ ͒ 1/N in Eq. ͑2͒.
The two-sample t-test involves testing the equality of means of two random variables, which, in our case is the mean VWT at time points 1 and 2, denoted by ͕T i : i =1,2͖ and expressed in terms of the mean wall positions, ͕W i : i =1,2͖, and the mean lumen boundary positions, ͕L i : i =1,2͖: and s L,i are the standard deviation of the positions of the wall boundaries and that of the lumen boundaries, computed at
The purpose of resampling the mean wall contours angularly is to establish corresponding points between the two VWT maps, needed when computing the VWT-Change map. The circle with MaxRadius, the maximum distance from the centroid, C͑z͒, to the contour boundary, and the contour to be resampled are drawn in ͑a͒ and ͑b͒. The black dots on the contour represent the angularly resampled points. ͑a͒ The points resampled by applying the ray-casting method, in which a ray is cast from the centroid in a uniform angular interval. Note that about 25 sampled points are clustered between the two rays drawn. ͑b͒ The angular positions of points on the same contour computed by the proposed method. The proposed angular resampling method produces points that are evenly distributed along the curve.
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III. EXPERIMENTAL METHODS
III.A. Test phantom experiments
Two anthropomorphic test phantoms of the human carotid arteries were used to validate the accuracy of the VWT map computed by our algorithm. Since the VWT is defined to be the distance between a corresponding pair of vertices consisting of a vertex on the vessel wall and a second vertex on the arterial lumen, this experiment also serves as a test of the surface correspondence algorithm described in Sec. II A. We used a carotid arterial model, which was obtained by averaging the radii of the lumen boundaries outlined from x-ray angiograms of 62 patients with different stenosis grades ͑de-termined by the NASCET stenosis index͒, to validate the VWT measurements. 44 Since the purpose of this phantom study was only to validate the accuracy of the VWT measurements, and not the US imaging techniques, no US scanning or segmentation was performed. In this experiment, we used the normal and 30%-stenotic arterial models as the arterial lumens, which were provided to us by the authors of Ref. 44 as a CAD model. The arterial wall model ͓blue surface in Fig. 10͑a͔͒ was constructed by expanding the normal arterial phantom ͓red surface in Fig. 10͑a͔͒ on a slice-byslice basis, and then reconstructed using the surface reconstruction technique described in Sec. II C. Then, the VWT measurements were obtained and validated for these two models.
III.B. Evaluation using patient 3D US images
III.B.1. 3D US image acquisition
The 3D US images were acquired using a motorized linear mover to translate the US transducer ͑L12-5, 50 mm, Philips, Bothel, Washington͒ continuously along the neck of the subjects without cardiac triggering. The stiffness of the carotid artery ͑a dimensionless quantity defined by Kawasaki et al. 61 ͒ increases with age and with progression of atherosclerosis. A study involving healthy nonsmoking Caucasian female volunteers 62 reported that the stiffness of the CCA increases from 3.5 in the subject group of mean age 15 years to 11.3 in the subject group of mean age 79 years, and the arterial strain, which is a dimensionless quantity also known as the fractional diameter change, decreases from 0.11 in the younger group to 0.05 in the older group. Changes in plaque morphology during the cardiac cycle are also a consideration. Van Popele et al. 63 reported that the distensibility coefficient of the common carotid artery is lower in subjects who have severe plaque lesions. Since our study dealt with older subjects ͑69Ϯ 6 years for one population and 70Ϯ 10 years for the other͒ with atherosclerosis, we decided against using cardiac gating, which may lead to the lengthening of the scan time, increasing the susceptibility to involuntary patient head motion and swallowing.
The US probe was moved along the neck at a uniform speed for an approximate length of 4.0 cm, which requires approximately 8 s. Since the US probe was held by a mechanical assembly, the transducer angle was fixed to be per- FIG. 10 . The VWT map was validated using test phantoms models. ͑a͒ The blue surface mesh represents the arterial wall and the red surface represents the arterial lumen. The normal carotid artery phantom model in Smith et al. ͑Ref. 44͒ was used as the arterial lumen ͑red͒, which was expanded by 1 mm to produce the arterial wall ͑blue͒. ͑b͒ The VWT map showing the thickness between the arterial wall and lumen shown in ͑a͒. pendicular to the skin and the direction of the scan for all patient scans. The video frames from the US machine ͑ATL HDI 5000, Philips, Bothel, Washington͒ were digitized and reconstructed into a 3D image, which was displayed using the 3D viewing software developed in our laboratory. 64, 65 The resulting 3D image has a pixel size of 0.1 mm ϫ 0.1 mmϫ 0.15 mm. It is important to note that since the 3D US image has been reconstructed as a volume that allows us to reslice at any oblique angle, the US acquisition plane did not constrain our choice of the reslicing plane used for carotid segmentation.
III.B.2. Study subjects
We demonstrated the use of our approach using 3D US carotid images of two groups of subjects with three in each group. The 3D carotid US images of the subjects in Group 1 were acquired at base line and 3 months later. These subjects ͑who participated in a clinical study focusing on the effect of atorvastatin 34 ͒ were asymptomatic with carotid stenosis Ͼ60% ͑according to the carotid Doppler flow velocities͒, 34 and received 80 mg of atorvastatin daily during the interval between the two scanning sessions. The statin therapy was shown to reduce the size of the atherosclerotic plaque. 34 In the study by Ainsworth et al., 34 17 subjects had been treated by atorvastatin, from which we chose three subjects for this study to reflect a wide spectrum of plaque volume changes: Subject 1 had the largest, Subject 2 had a moderate, and Subject 3 had the smallest plaque volume change.
The 3D carotid US images of the subjects in Group 2 ͑Subjects 4, 5, and 6͒ were acquired at base line and 2 weeks later. These subjects were recruited from The Premature Atherosclerosis Clinic and The Stroke Prevention Clinic at University Hospital ͑London Health Sciences Centre, London, Canada͒ and the Stroke Prevention and Atherosclerosis Research Centre, Robarts Research Institute for an interscan vessel-wall-volume reproducibility study performed by Egger et al. 52 These subjects received no treatment at the interval between the two scanning sessions, and no change in the plaque burden was expected. Egger et al. 52 have shown that interscan reproducibility of the vessel-wall-plus-plaque volume ͑VWV͒ measurements was high. We have segmented the wall and the lumen five times each for all 12 3D US scans ͑i.e., 6 patientsϫ 2 scan/patient-one scan for time point 1, the other for time point 2͒. Then we evaluate the reproducibility of the VWT measurements for this group of subjects by analyzing the VWT-Change map ͑Sec. II E͒ and the t-test results ͑Sec. II F͒.
All subjects gave consent to the study protocol approved by The University of Western Ontario standing board of human research ethics. By comparing the results obtained from these two groups of patients, we aim to demonstrate that the spatial distribution of the VWT-Change can be calculated and displayed, and that the statistical significance of the VWT-Change can be evaluated.
IV. RESULTS
IV.A. Test phantom experiments
We computed the VWT between the arterial wall and the normal artery and show the result in Fig. 10͑b͒ as a colorcoded VWT map superimposed on the arterial wall. Ideally, the VWT should be identically 1 mm everywhere on the arterial wall. Figure 12͑a͒ shows the frequency distribution of VWTs calculated at all the vertices of the model, with a bin size of 0.02 mm and centered at 1 mm. This figure shows that ϳ95% of the vertices on the wall have a thickness ranging from 0.99 to 1.01 mm measured from the normal artery ͑considered as the arterial lumen here͒.
The arterial wall and the 30%-stenotic arterial model ͑re-ferred to as arterial lumen͒ was shown in Fig. 11͑a͒ . Figure  11͑b͒ shows the VWT map, which was color-coded and superimposed on the arterial wall. The VWT map demonstrates the variation in thickness along the stenosed region. Figure  11͑b͒ shows the frequency distribution of VWTs calculated for this model. In order to validate the VWT measurements, we have compared the frequency distribution of VWTs with the "gold standard," which was established by corresponding point pairs obtained by casting rays from each point on the FIG. 11 . ͑a͒ The expanded normal artery was used as the arterial wall and the 30%-stenotic artery was used as the arterial lumen. ͑b͒ The VWT map computed for the wall and lumen shown in ͑a͒ has been color-coded and mapped onto the arterial wall surface. ͑c͒ The cross section of the wall and the lumen cut by the slice represented by the black line in ͑b͒.
arterial wall along the normal direction of the wall, until the ray intersected with the surface of the lumen. This point of intersection was defined as the corresponding point associated with the point on the wall surface from which the ray was cast. The gold standard can be so defined in the phantom study because the wall and lumen contours of the phantom model are either circular or elliptical. In order to show the deviation of the VWT distribution generated by our proposed algorithm from the gold standard, we subtracted the histogram shown in Fig. 12͑b͒ with the VWT distribution gold standard on a bin-by-bin basis. The result is shown in Fig.   12͑c͒ , which shows that the VWT distribution obtained and shown in Fig. 12͑b͒ deviates minimally from the gold standard, with the maximum deviation of only 0.07% at the bin centered at 1 mm. The major source of error came from the bifurcation apex as shown in Fig. 11͑b͒ . Because of the presence of the stenotic region in the arterial lumen model, the bifurcation of the lumen model was located a few millimeters lower than the bifurcation of the arterial wall model as shown in Fig. 11͑a͒ . Thus, there is a mismatch in topology between the cross sections of the wall and lumen when the transverse cutting plane is located between the two bifurcations. An example of such a cutting plane is shown as a black line in Fig. 11͑b͒, and Fig. 11͑c͒ shows the cross sections of the arteries obtained using this cutting plane. Here, the arterial wall cross section is composed of only one closed curve, whereas the cross section of the lumen has two closed curves. Since the symmetric correspondence algorithm can only be used to establish correspondence between two curves with one closed contour, we joined the two closed curves that make up the cross section of the lumen surface ͓which is represented by the white contours in Fig. 11͑c͔͒ . In Fig.  11͑c͒ , the white lines join each pair of corresponding points between the arterial wall and the lumen. We observe that there are mismatches near the bifurcation ͓see Fig. 11͑c͔͒ . Symmetric corresponding pairs could not be found at points lying on the blue segment ͑between points 1 and 2͒ of the arterial wall contour. The points on the blue segment without a corresponding point were matched with the red segment by ͑between points 3 and 6͒ interpolating between the neighboring corresponding pairs ͓1 ‫ۋ‬ 3 and 2 ‫ۋ‬ 6 in Fig. 11͑c͔͒ . However, the whole blue segment belongs to the ICA and should be matched to the red segment on the left-hand side ͑between points 3 and 4͒, which belongs to the ICA. No point should be matched to the red segment on the right-hand side ͑between points 5 and 6͒. This mismatch resulted in inaccurate thickness measurements at three points ͑see points between points 1 and 2͒.
Fortunately, this type of mismatch only occurs near the bifurcation of two to three cross sections in which the arterial wall and the lumen have different topologies, and affects the accuracy of the thickness measurements at about 10-15 points in total ͑ϳ0.1% of points on the artery͒. In addition, the manual segmentation protocol precludes this situation from occurring in the patient data. In our patient study, the expert observer first identified the bifurcation apex. Both the arterial wall and the lumen cross sections consisted of two closed curves when the cutting plane was distal to the bifurcation, and they both consisted of one closed curve when the cutting plane was proximal to the bifurcation. Figure 13 shows two different views of a meshed lumen and vessel wall surfaces ͓Figs. 13͑a͒ and 13͑c͔͒, as well as the VWT map color-coded and superimposed on the reconstructed vessel wall ͓Figs. 13͑b͒ and 13͑d͔͒, of Subject 1's carotid arteries at base line, who was to be treated with ator- vastatin. Figures 13͑a͒ and 13͑b͒ show the far side of the vessel ͑the side further from the US transducer͒. Figures  13͑c͒ and 13͑d͒ show the location where the VWT is maximum. These views of the VWT map show that the surface correspondence algorithm matches the vessel wall and the lumen surfaces well, which have a much more complicated shape than the phantom used in Sec. IV A. For example, we observe from Figs. 13͑c͒ and 13͑d͒ that the red region on the VWT map ͑i.e., the region with maximum thickness͒ corresponds well to a depression in the lumen surface ͑i.e., the location of a large plaque͒. Figures 14͑a͒ and 14͑e͒ show the VWT map of Subject 1 in Group 1 at base line ͑time point 1͒, and Figs. 14͑b͒ and 14͑f͒ show the VWT map of same subject three months later ͑time point 2͒. The top row shows the view on the near side, and the bottom shows the views on the far side from the transducer respectively. Figures 14͑c͒ and 14͑g͒ show the VWT-Change map. The frequency distribution of the VWTChange values is plotted in Fig. 16͑a͒. Comparing Figs.  14͑e͒ and 14͑f͒ and observing the change shown in Fig.   14͑g͒ , we notice that there was a ϳ7.5 mm change in VWT at the blue region in Fig. 14͑g͒ . The results of the point-bypoint t-tests are color-coded and superimposed on the arterial wall in Figs. 14͑d͒ and 14͑h͒ . In this test, the family-wise error rate, ␣ , was chosen to be 5% ͓see Eq. ͑2͔͒. Red indicates a statistically significant change ͑either an increase or decrease͒ in the VWT, green indicates that there was no statistically significant change, and blue indicates that the test was not performed at that point because the VWT maps at time points 1 and 2 did not overlap. Since the VWT map at time point 2 was reconstructed from fewer slices, the top and bottom slices of the VWT of time point 1 did not correspond to slices of the VWT map of time point 2. We also summarized the results of these tests with two parameters: The percentage of points at which; ͑1͒ a significant increase had occurred, and ͑2͒ a significant decrease had occurred. For this subject, there were significant decreases in VWT at 11.88% of points tested and significant increases at 1.88% of points. This result could have been estimated from the frequency distribution plotted in Fig. 16͑a͒ , which shows that a predominant portion of vertices are associated with negative VWT-Change values. FIG. 13 . The VWT map color-coded and superimposed on the vessel wall, and the lumen, of Subject 1. The VWT map is visualized in three views: ͑a͒ and ͑b͒ The far side of the vessel. ͑c͒ and ͑d͒ The location where VWT is maximum. ͑c͒ The red region on the VWT map ͑i.e., the region with maximum VWT͒ corresponds to a deep depression on the lumen surface ͑i.e., the location of a large plaque͒. Figure 15 shows the VWT maps at two time points separated by 2 weeks, VWT-Change map, and the results of the point-by-point t-tests for Subject 4 in Group 2. Figure 15 is arranged in the same way as Fig. 14 . The VWT-Change map and the t-tests indicate that the differences in the VWT calculated from images acquired at the two time points ͑2 weeks apart͒ are minimal, which agrees with the initial expectation. Figure 16͑d͒ shows the frequency distribution of the VWT-Change values, which are small ͑with maximum magnitude ഛ0.8 mm͒ and are symmetrically distributed about 0.
IV.B. Evaluation using patient 3D US images
IV.B.1. VWT map computation
IV.B.2. VWT-Change maps and the results of t-test
IV.B.3. Comparison between the results generated for Group 1 and Group 2
We used the mean VWT-Change as a global quantification metric to allow a comparison between the plaque burden changes between subjects in Group 1 and Group 2. With this metric, we are able to show that the amount of plaque changes was much more significant in subjects with treatment ͑i.e., Group 1͒ than those without ͑i.e., Group 2͒. Table  I shows the mean VWT at two time points and the mean VWT-Change for the six subjects. These means were computed by averaging the VWT ͑or VWT-Change͒ values at all points at which correspondence pairs between the arterial wall surfaces associated with time points 1 and 2 exist ͑i.e., points lying on slices on which VWT maps at time points 1 and 2 do not overlap were not included͒.
As a validation, we compare the mean VWT-Change with the VWV change measured using the technique described by Egger et al. 52 The mean VWT-Change and the VWV-Change are closely related. VWV change is approximately equal to FIG. 14. VWT map, VWT-Change map, and the results of the point-by-point t-tests for Subject 1, who had undergone atorvastatin treatment. ͑a͒-͑d͒ The maps viewed on the near side and ͑e͒-͑h͒ the maps on the far side from the US transducer. ͑a͒,͑e͒ the VWT map at time point 1 ͑base line͒. ͑b͒,͑f͒ The VWT map at time point 2 ͑3 months after base line͒. ͑c͒,͑g͒ The VWT-Change map. ͑d͒,͑h͒ The results of the point-by-point t-tests. Red indicates a significant change, either a significant increase or decrease of thickness, green indicates that there is no significant change, and blue indicates that the test is not performed at that point because the thickness maps at time point 1 and 2 do not overlap. VWT-Change integrated over the whole surface of the vessel wall. Thus, the mean of VWT-Change at all points can be interpreted as a scaled approximation of the VWV-Change. Table II shows the VWV obtained for the six subjects at time points 1 and 2, and the VWV changes. We found that the mean VWT-Change measurements tabulated in the last column of Table I are consistent with the VWV-Change measurements tabulated in the last column of Table II . Both the mean VWT-Change and the VWV change show that the largest change occurred in Subject 1, followed by Subjects 2 and 3, in that order, while both metrics show the changes that occurred in the three subjects of Group 2 are small. Figures 16͑a͒-16͑c͒ show the distribution of VWTChanges for Subjects 1 to 3, respectively, and Figs. 16͑d͒-16͑f͒ show the distribution of VWT-Changes for Subjects 4 to 6, respectively. Table III summarizes the results of the point-by-point t-tests.
For the three subjects under atorvastatin treatments, the mean VWT-Changes were negative, and the percentages of points with statistically significant VWT decrease were five to ten times greater than those with VWT increase, which suggested that regression of plaque burden had occurred in these subjects. Among these three subjects, the mean VWTChange and the percentage of points with statistically signifi- cant VWT decrease suggested that the regression was the largest in Subject 1 and the smallest in Subject 3, which agrees with the results obtained in Ainsworth's study, 34 where plaque volumes were measured.
The mean VWT-Changes for the group of subjects without treatment were very close to 0, indicating the vesselwall-plus-plaque volume changes were very small. The percentages of points with statistically significant VWTChanges were negligible for Subjects 4 and 5, where those associated with Subject 6 suggested an increase of VWT in a very small region.
V. DISCUSSION AND CONCLUSION
In this paper, we demonstrated the calculation of a pointby-point VWT map of the carotid arteries using 3D US images. Performing a point-by-point measurement of the VWT is difficult mainly because there is a need to define a correspondence mapping between the arterial wall and the lumen, and the establishment of such correspondence map is nontrivial, which is further complicated by the irregularity of the carotid lumen boundary of an atherosclerotic patient. Several methods have been proposed to measure point-by-point vessel wall thickness in MRI. Underhill et al. 66 matched a point on the lumen contour with a point on the outer wall that is closest to it. They ensured one-to-one matching between points by removing a point from the outer wall after it has been matched with one on the lumen contour. One problem of this thickness computation method is that the accuracy of the thickness depends on the sampling interval of the contours, and the thickness would be significantly overestimated if the contours are sparsely sampled and relatively displaced as discussed in Yezzi et al. 67 Mani et al. 68 determined carotid arterial thickness in MR cross-sectional images by matching points on the outer and inner wall that intersect the same radial line drawn from a manually identified center point. This method depends on the position of the manually identified center point. In addition, the thickness would be overestimated if the normal of the wall boundaries deviate significantly from the direction of the radial line. Boussel et al. 69 first determined a central axis or a skeleton that is equidistant from the wall and the lumen boundaries. Then, the local wall thickness was computed at regularly spaced locations along the central axis by measuring the distance between the lumen and the wall boundaries in the direction perpendicular to the central axis. Yezzi et al. 67 has pointed out a few problems with this method. One problem is that the central axis will take on an arbitrary topology in order to describe highly convoluted objects. In addition, it may be possible that the line perpendicular to the central axis does not have an intersection with the lumen or the wall boundaries, in which case the thickness would be undefined. Our modified symmetric correspondence algorithm does not depend on a center point or a central axis, and thus not subject to the problems associated with the algorithms by Mani et al. 68 and Boussel et al. 69 It is, however, subject to the limitation of Underhill's 66 algorithm when computing the symmetric correspondence pairs. However, unlike the algorithm proposed by Underhill et al., 66 the proposed algorithm Although there is no universal consensus on which surface ͑or curve in 2D͒ correspondence mapping is the best, we showed that the modified symmetric correspondence algorithm gave accurate VWT measurements in the phantom experiments ͑Sec. IV A͒, and reasonable VWT measurements in the patient evaluation ͑Sec. IV B͒.
However, our surface correspondence algorithm is not without its limitations. We chose to use reslicing planes that are perpendicular to the mean longitudinal axis of the CCA ͑obtained by averaging five repeated choices from the expert observer͒ along the arteries. However, if the direction of the ICA or ECA branch immediately distal to the bifurcation deviates from the direction of the longitudinal axis of the CCA, it would be more appropriate to select a plane that is perpendicular to the branch for reslicing. Since the reslicing plane we use is not perpendicular to the ICA or ECA branch in this case, an overestimation of VWT would occur, which we have not taken into account in this study. However, defining slicing planes that are perpendicular to the vessel surface would involve determining the centerline of the vessel. First, although algorithms are available for determining centerline of carotid vessels segmented from MR and CT images, 70,71 they may not be suitable for the noisier nature of the arterial surfaces segmented from US images ͑see Figs. 3, 14, and 15͒. Although the carotid wall surfaces could be smoothened by aligning the centroids of the cross-sectional contours before the centerline is produced, 38, 72 smoothing is not preferred because the geometry of the carotid arteries may not be faithfully represented after smoothing. The problem of unmatched correspondence ͑and, equivalently, incorrect estimation of VWT͒ would be much more pronounced if we defined the reslicing plane based to a noisy centerline. Second, for a branched surface such as the carotid vessel, the centerline starts to branch at a point that is proximal to the bifurcation. 70 In this case, the reslicing plane, and therefore the thickness, at the region of the CCA that is proximal to the vessel bifurcation, but distal to the centerline branching point, would be undefined. Finally, the main focus of the proposed algorithm is to monitor changes of VWT. Thus, even if the thickness were overestimated at the carotid bulb when either the ICA or ECA branch immediately distal to the bifurcation deviates from the longitudinal axis, this overestimation would be canceled when calculating the thickness change. However, it is important to notice that we did not find a significant overestimation of VWT in our experiments with clinical data, because there was no significant angular deviation between the direction of the ICA or ECA segment immediately distal to the bifurcation and the longitudinal axis of the CCA in the subjects we investigated in this study ͑see Figs. 3, 14 , and 15͒.
We performed a point-by-point statistical comparison between the VWT maps computed at two different time points for six subjects. Using 3D US images acquired for six subjects ͑Sec. IV B͒, we demonstrated that: ͑a͒ the spatial distribution of VWT-Changes in the carotid arteries can be calculated and displayed, as demonstrated by the results obtained for the three subjects receiving the atorvastatin treatment compared to that of the three subjects who had not received any treatment; ͑b͒ the mean of VWT-Change at all points can be interpreted as a scaled approximation of the VWV-Change ͑vessel-wall-volume-change͒ and, therefore, in addition to providing a 3D distribution of vessel wall thickness change, our method can also be used in obtaining an estimate of change in total plaque burden; and ͑c͒ the VWT-Change maps and the variances in the segmentation of the vessel and lumen boundaries can be used to test whether the observed changes in local VWT are statistically significant.
The statistical comparison is useful in determining whether or not the VWT-Change is mainly attributable to the intraobserver variability in manual segmentations. In this study, we used the Bonferroni method to control the familywise error rate at level ␣ . It is commonly known that the Bonferroni method is overly conservative, especially when the test statistics are not independent, which applies to our study because the VWT measurements at neighboring points are not independent. As a result, the power ͑i.e., the fraction of true differences the test identifies͒ is low. There are a number of ways to increase the power of our statistical tests. First, we often want to draw a conclusion about the VWT change in a diseased region, instead of the whole artery. In this case, we should include only the points that are within the diseased region, instead of all points on the artery, thereby reducing N in Eq. ͑2͒, increasing the per-comparison error rate ␣ and the power. Second, "improved Bonferroni procedures," such as Hochberg's procedure, 73 can be adopted to increase the power, while controlling the family-wise error rate at the same level. Further increase in power can be achieved by controlling the false discovery rate ͑FDR͒. Instead of controlling the probability of erroneously rejecting even one true null hypothesis ͑the family-wise error rate͒, Benjamini et al. 74 proposed controlling the FDR, which is defined as the expected proportion of rejected null hypotheses that are erroneously rejected. They showed that there is a large power gain if FDR is controlled, instead of the family-wise error rate. A further modification of the method by Benjamini et al. 74 allows controlling FDR when the test statistics ͑VWTs in our case͒ are dependent. 75 In our proposed statistical study in VWT-Change, we did not include interobserver variability. Landry et al. 76 reported that the interobserver standard deviation in detection of the plaque boundary contours is approximately a factor of 2 higher than the intraobserver standard deviation. Since our focus here is to develop a sensitive tool in detecting statistically significant change in VWT, a lower variability in detecting the arterial wall and lumen was desirable as the minimum detectable change equals approximately to ͑z ␣/2 + z ␤ ͒ s.e., where s.e. is computed using Eq. ͑4͒, which is a function of the variances of the arterial wall and lumen segmentation in time points 1 and 2, and z ␣/2 and z ␤ depend on the level of significance and power used, respectively ͑e.g., z ␣/2 = 1.96 and z ␤ = 0.84 correspond to a power of 80% and a significant level of 5%͒. Although the use of repeated segmentations of one observer may be subject to bias, the effect of observer bias is not significant in computing VWT-Change since the bias would likely be canceled when computing the change. The intraobserver variability in the segmentation protocol can be separated into the two components: ͑1͒ the variability due to the choice of the longitudinal axis ͑equivalently, the choice of transverse reslicing plane͒, and ͑2͒ the variability in segmenting 2D resliced images. Although the VWT maps obtained at time points 1 and 2 have been registered, the orientations of the longitudinal axes in the two maps would be slightly different because of operator variability, which may have an effect in the VWT measurements. Thus, our inclusion of the first component of intraobserver variability in VWT is necessary, although it is possible to eliminate it by choosing the axis once and use it in all five segmentation sessions of a 3D image. However, a future study focusing on obtaining the fractional contribution of the variability due to the axis choice is useful in assessing whether this variability is sufficiently large to warrant the longer time spent in choosing the longitudinal axis in each segmentation session over choosing the axis once and using it for all sessions.
We would point out that our method does not account for errors in registration that may be caused by: ͑1͒ distortions in the geometry of the carotid arteries caused by different head positions during the two imaging sessions; ͑2͒ distortions in the vessel wall caused by cardiac pulsation; and ͑3͒ different contrast and brightness in the acquired US images at the two sessions, which resulted in a possible segmentation bias. Although these effects were observed to be small as demonstrated in the results obtained for the three subjects in Group 2 ͓who had not received any medical treatment and were imaged two weeks apart ͑Sec. IV B 3͔͒, improvements corresponding to the above-presented three issues can be implemented in future studies: ͑1͒ Effect of distortions in the carotid arteries due to different head orientations can be minimized by a nonrigid registration technique.
77 ͑2͒ Distortions due to cardiac pulsation can be minimized by acquiring the 3D US images using the cardiac gating techniques; 78 however, this will lengthen the scan time, increasing the susceptibility to involuntary patient head motion and swallowing. ͑3͒ Contrast and brightness variations in the images can be minimized by standardizing the acquisition "time-gain control" settings of the US machine.
In this paper, we evaluated our algorithm using six subjects, three were treated with atorvastatin therapy and three were not. Future studies involving a large number of subjects are now ongoing, in which the proposed VWT and VWTChange maps will be used. Although a clinical trial is required to demonstrate whether any treatment provides a significant benefit, we showed that the proposed quantitative metrics can assist in monitoring localized regression in carotid plaques in patients using 3D US images, and can be used in clinical trials to obtain more detailed information on the spatial distribution of carotid plaque progression and regression.
